Introduction 43
Wildfires are a natural process that shapes the boreal forest (Rowe and Scotter 1973) While wildfires are by definition stochastic events that cannot be predicted individually, 50 some success has been achieved at larger scales using empirical data and statistical models; 51 weather variables in particular have proven to be strong predictors of burnt areas (Flannigan 52 et al. 2005) , fire occurrence (Preisler et al. 2008 ) and fire behavior (Hély et al. 2001) . The 53 link between dry weather episodes and wildfire activity is indeed so strong that it led some 54 scholars to assume that other variables like fuel and topographic characteristics would 55
comparatively be unimportant (Bessie and Johnson 1995; Flannigan and Wotton 2001). 56
However, Agee (1997) has put the so-called weather hypothesis into perspective and warned 57 against generalization, stating that the balance between weather, topographic and fuel 58 variables is highly dependant upon the study area. Indeed, Bessie and Johnson (1995) 59 explained the stronger effect of weather over fuel by the fact that weather variables 60 manifested more variation than fuels in their western subalpine dataset. It is thus entirely 61 possible that in areas with generally wetter climate such as the eastern boreal forest of 62 Canada, the influence of weather variables may be less predominant. This is illustrated by the 63 fact that components of the Canadian Fire Weather Index (FWI) System explain 33% of the 64 variance of the provincial area burned monthly in western Canada but only 12% in eastern4 Even when weather is the main driver of fire behaviour, forest composition and structure can 70 have significant influence (Hély et al. 2001 ). In the boreal forest, conifers in particular are 71 considered better fuel than deciduous species (Cumming 2001; Hély et al. 2000b ). Elevation 72 has been shown to increase the fire return interval (McKenzie et al. 2000) . However, reputed 73 effects of fuel and topography have been contradictory. For instance, topographic roughness 74 has been shown to increase fire return interval (Stambaugh and Guyette 2008) but also large 75 fire occurrences (Dickson et al. 2006) . Increasing stand density has also been reported as 76 having both positive (Perry et al. 2004 ) and negative (Tanskanen et al. 2005 ) effects on fire 77 susceptibility. It is unclear whether those apparent contradictions stem from differences in 78 study area or methodology, but as mentioned above, it is likely that interactions with climate 79 lead to different effects of non-weather variables. However, their inclusion in fire prediction 80 models appears necessary to take into account spatial variability in fire spread on finer scales 81 than that allowed by weather alone (Mansuy et al. 2010) . 82
The present work aims at identifying the respective weights of weather, topographic and fuel 83 variables on burnt areas in the eastern Canadian boreal forest, using logistic regression 84 models. Different spatial and temporal scales are used in order to find the best compromise 85 between prediction accuracy and precision. We hypothesize that the inclusion of interaction 86 parameters between weather and non-weather variables should increase prediction accuracy. 87 88
Materials and methods 89

Study area 90
The study area comprised 55533 km² of eastern boreal forest in Québec (Canada), in the 91 spruce-moss bioclimatic domain. It is mostly uninhabited (limiting anthropogenic impact on 92 fire ignition and suppression) and covers four forest management units of the Saguenay-Lac-93
Saint-Jean region, spanning approximately from 48° 39' N to 51° 28' N and from 69° 49' W 94 to 74° 25' W (Fig. 1a) . The study period spanned from 2000 to 2010, during which the 4 95 weather stations located directly in the area recorded mean annual temperatures ranging from 96 5 -0.9 °C to 0.9 °C, and mean annual total precipitation from 529.3 mm to 620.3 mm, with 30 97 to 34% as snow. 98
The reported average historical fire cycle (last 300 years) in the region is 247 years (Bélisle et 99 al. 2011), and varying spatially between 128 and 1343 years since 1940 (Mansuy et al. 2010) . 100
Almost 10% of the study area has burnt during the 11 years of the study period, meaning fire 101 activity has been more intense during this period than what has been historically recorded. 102 103
General design 104
We distinguish between spatially from temporally variable data. Given the limited 105 geographical extent of the study area, weather variables, or top-down controls, mainly vary 106 temporally. Topographic and vegetation variables, or bottom-up controls, vary across space 107 but mostly stay the same from year to year, and are hereafter referred to as spatial variables. 108
Most of these spatial variables were derived from the third forest inventory conducted by the For each year, points were pooled into blocks of various sizes, the value of each spatial 118 variable in a block being the average of the values of the points that composed it (only 119 numerical variables were used). 10x10 points and 50x50 points blocks were computed, 120 corresponding to areas of approximately 14 km² and 350 km², respectively (Fig. 2 top) . Each 121 year and block was then allocated weather variables through inverse distance weighting 122 interpolation (see 2.4). 123 6 Each block had its own set of spatial variables, and was replicated 11 times with different 124 weather and burnt area values for each year (Table 1 gives a list of all variables and their  125 ranges). The burnt areas we used here as a response variable were integrative of both ignition 126 and fire spread. 127 128
Spatial variables 129
The following variables were retained from forest inventory data: slope (for the impact of 130 topography on fire spread), stand density (higher fuel concentration) , canopy age (as older 131 stands may accumulate woody debris), uneven-aged stands (a binary variable, smaller trees 132 being able to act as ladders for fire to reach the canopy), Cladonia presence (also a binary 133 variable, necessary to take into account the potential effect of spruce-lichen open woodlands 134 in the study area), water body presence (binary, vegetation variables for water points were set 135 to 0). Elevation and distance from main roads (which we qualified as a topographic variable 136 since at our temporal scale these roads were fixed in the landscape) were also added to the 137 dataset, elevation for its microclimatic effect and road distance to account for anthropogenic 138 influences. Each pixel was also attributed a fuel type according to the Canadian Wildland 139
Fire Information System (Pelletier et al. 2009 ). This system is composed of two subsystems: 140 the Forest Fire Weather Index (FWI), which models the effect of wind and fuel moisture on 141 fire behavior, and the Forest Fire Behavior Prediction (FBP), which estimates potential head 142 fire spread rate, fuel consumption and fire intensity. The initial rate of spread (RSI) from the 143 
Model validation 244
In order to assess the performance of the model outside of the data used to calibrate it, 245 predictions were generated through cross-validation. Yearly burnt areas of each block were 246 predicted by a model that was fitted on all observations, excluding those stemming from the 247 same block or the same year than the one to be predicted (jackknife method). Root Mean 248
Square Errors (RMSE) between observed and predicted values were computed with values 249 fitted by the model on one hand and predictions generated through cross-validation on the 250 other hand. In the 10x10 pixels configuration, blocks were regrouped according to the large 251 50x50 pixels block they were in, and the 25 small blocks thus regrouped were excluded from 252 the model that predicted burnt areas in each of them. This allowed us to assess prediction 253 accuracy on various sizes of 10x10 block aggregates (1, 5 and 25 blocks, 25 10x10 blocks 254 being the equivalent of one 50x50 block, see The best set of weather variables differed depending on the spatial scale used: the ISI + BUI 282 combination was best for 10x10 blocks, while the FFMC + DMC + DC was best for 50x50 283 blocks (Table 2) . However, the ISI + BUI combination was still the second best for the 50x50 284 scale. In order to avoid burdening the model with too many parameters (as each weather 285 variable interacts with each spatial variable) and to facilitate comparisons between spatial 286 scales, the ISI + BUI set of weather variables was chosen for both scales. 287
For both spatial scales, the Temp + Humidity + Rain + Wind combination was third in order 288 of performance, while the models using a single weather variable (the FWI) were the worst 289 ones (Table 2) . 290 12 291
Neighbouring effects on spatial variables 292
Depending on block size, the best formula to account for neighbours changed for each 293 variable (Appendix 1). For the 10x10 pixels blocks, neighbours always had to be accounted 294 for, and the value of the block itself was negligible for slope and Cladonia presence. For 295 50x50 pixels blocks, the influence of the block value was negligible for the distance from 296 roads and uneven aged stands variables, but the values of neighbours were negligible for RSI 297
and Cladonia presence. 298 showed that globally, the effect of removing a given spatial variable increased when other 313 spatial variables had already been removed, with the notable exception of Water presence, for 314 both block sizes (Table 4) . Correspondence between observed and predicted burnt proportions was poor for the smallest 322 blocks, but increased by aggregating predictions on larger spatial scales (Fig. 3 a, b and c) . 323
When the model was directly fitted on larger 50x50 pixels blocks, prediction accuracy did not 324 appear very different from 10x10 blocks predictions aggregated on the same scale (Fig. 3 c  325 and d). Furthermore, whereas autocorrelation of the model residuals did not appear to be a 326 problem for the largest blocks (equal to 0.2 for adjacent observations), it was much more 327 pronounced for the small blocks (0.65 for adjacent observations). Hence, only 50x50 blocks 328 were used for later predictions (Fig. 4) and analyses, given the lower amount of processing 329 they required. Different temporal scales appeared to greatly affect prediction accuracy for 330 50x50 blocks, with extremely poor correspondence between yearly observed and predicted 331 burnt areas, but average accuracy when predictions were pooled over 11 years (Fig. 5) . (Fig. 6a) . This was also the case for open heathlands, except under the most 345 extreme fire weather conditions (Fig. 6a) . Finally, mixed spruce-deciduous forests appeared 346 less fire-prone (Fig. 6a) . Closed spruce and open spruce-lichen woodlands seemed to burn 347 more when ISI was high (Fig. 6b) , whereas open heathlands and mixed forests were more 348 dependant upon a high BUI (Fig. 6c) . 349
The stem density effect on burnt areas predictions was highly dependent on RSI values: it 350 was positive on spruce stands (high RSI) but negative on mixed stands (low RSI; Fig. 7a) . 351
Age had a slight negative effect in both cases (Fig. 7b) . Uneven-aged stands, on the other 352 hand, had a slight positive effect on predicted burnt areas in spruce stands, and a large one in 353 mixed stands (Fig. 7c) . Cladonia presence had a positive effect on predictions when RSI was 354 high, but a negative one when RSI is lower (Fig. 7d) . 355
Elevation had a negative effect on predictions with increasing ISI but a positive one with 356 increasing BUI (Fig. 8a ). Slope had a negative effect in both cases (Fig. 8b) . Distance from 357 main roads had a positive effect under high ISI but a negative one under high BUI (Fig. 8c) . 358
Finally, water body presence effect was negative overall, but positive when ISI was near its 359 maximum (Fig. 8d) . 360 The main drawback of empirical models is the dependency upon the dataset used to build the 369 model. It is not expected that the parameters calibrated for a specific region would allow for 370 good prediction in an entirely different area. However, our methodology should still perform 371 well if applied, for instance, to predict future burnt areas under a changing climate in a region 372 fortunately offset by aggregating predictions on a larger temporal scale, probably because it 390 averaged weather variations and put more emphasis on the blocks that were generally more 391 susceptible to fire, due to their vegetation and topographic characteristics. It is unclear though 392 why such an effect was not apparent for the smallest blocks. In any case, this result shows 393 that the model may be greatly improved by adding more fire years in the dataset, provided 394 those and the corresponding vegetation data are available. In addition, aggregating 395 predictions over a time period much longer than 11 years might also produce significantly 396 more accurate predictions. 397 
